As a typical arid and semi-arid area, central Asia (CA) has scarce water resources and fragile ecosystems that are particularly sensitive and vulnerable to climate change. In this study, dynamic downscaling was conducted to produce a regional dataset that incorporated the time period 1986-2100 for the CA. The results show that dynamic downscaling significantly improves the simulation for the mean and extreme climate over the CA, compared to the driving CCSM4 model. We show that significant warming will occur over CA with 2.0 °C and 5.0 °C increasing under the RCP4.5 and RCP8.5 scenarios, respectively by the end of twenty-first century. The daily maximum temperature, the daily minimum temperature and the annual total number of days with a minimum temperature greater than 25 °C will also increase significantly. The annual total number of days with a minimum temperature less than 0 °C will decrease significantly. Long-term trends in the projected winter precipitation under different emission scenarios exhibit robust and increasing changes during the twenty-first century, especially under the RCP8.5 scenario with an increasing about 0.1 mm/day. Significant differences are shown in the projection of precipitationrelated indices over CA under different emission scenarios, and the impact of emissions is apparent for the number of days with ≥ 10 mm of precipitation, the density of precipitation on days with ≥ 1 mm of precipitation, and particularly for the maximum consecutive number of dry days that will increase significantly under the RCP8.5 scenario. Therefore, reduced greenhouse gases emissions have implications for mitigating extreme drought events over the CA in the future.
Introduction
Central Asia (CA) is located within continental Eurasia and a long distance from the sea. It is a typical arid and semiarid region and is very sensitive and vulnerable to variations in climate (Li et al. 2015; Zhang et al. 2016) . Under the background of global warming, extreme events such as heat waves, and droughts are occurring more frequently in this region than in humid regions, which results in a greater threat to the vulnerable ecosystems and human society of CA (Hu et al. 2014) . The warming rate is currently larger than that during any other time in its recorded history (Chen et al. 2009; Davi et al. 2015) , which is mainly caused by anthropogenic forcing, particularly the greenhouse gases (GHG) forcing , and the accelerating warming rate in the recent five decades is much higher than the global land average. At the end of the twenty-first century, the annual (ANN) mean temperature of CA will increase by as much as 7 °C (Mannig et al. 2013; Peng et al. 2019) . A temperature 1 3 rise of this scale will threaten the equilibrium of the local ecosystem (Pan et al. 2014; Zhang and Ren 2017; Wu et al. 2019) . With global warming, the precipitation anomalies of the CA have increased the nonuniformity of water resources across the CA and led to increasingly severe aridification (Narisma et al. 2007; Chen et al. 2009 ). The hydrological system of the CA has also responded strongly to global warming and has become a major issue in CA-related climate change research (Giorgi 2006; Viviroli et al. 2011) . Researches have shown that the amount of precipitation in the CA has increased over the past century (Chen et al. 2011; Huang et al. 2014; Hu et al. 2017) . With the significant warming over CA during the past several decades, the temperature and precipitation extremes of the CA have experienced a dramatic change, especially for extreme temperatures which have increased significantly .
At present, global climate models (GCMs) are the most important tools for providing valuable information about climate change and estimating future climates under various scenarios of greenhouse gas emissions on global and subcontinental scales (IPCC 2013) . The GCMs of the Coupled Model Inter-comparison Project's fifth phase (CMIP5) were significantly improved over those of the previous generation, CMIP3 (Taylor et al. 2012 ). However, the horizontal resolution of GCMs is relatively low (Meehl et al. 2007 ), which restricts their ability to capture the characteristics of regional climate. There are significant quantitative and qualitative errors of the simulation by GCMs for the climate factors such as temperature, precipitation, snow accumulation, and windspeed over the CA and the Tibetan Plateau (Wei and Dong 2015; You et al. 2016; Zhu et al. 2017; You et al. 2018) . Therefore, using GCMs to project regional climate change will result in unreliable information, especially for the regions with complex topography such as the CA and the Tibetan Plateau. A dynamic downscaling method can be used to produce information about regional climate change characteristics at a higher resolution than GCMs, which has been widely used to simulate past and future finescale climates (Gao et al. 2006; Kang 2013, 2015; Niu et al. 2015; Shi et al. 2017; Xu et al. 2017; Zhu et al. 2019 ). Compared to GCMs, regional climate models (RCMs) were essentially developed with the aim of downscaling climate fields produced by coarse resolution GCMs, thereby providing information at fineer, sub-GCM grid scales which is more suitable for studies of regional applications in vulnerability, impacts and adaptation (VIA) assessments. They can better resolve detailed regional atmospheric and terrestrial processes. Generally, improved resolution leads to a better representation of finer-scale physical processes, as well as effects of details in topography, land-sea distribution, and land surface processes (Rasmussen et al. 2011; Xue et al. 2014; Filippo Giorgi 2019) . Furthermore, methods for correcting biases in the outputs of GCMs have been developed, further improving the results obtained from dynamical downscaling (Bruyère et al. 2014; Xu and Yang 2015) . The high-resolution RCM can better resolve fine-scale topography, land cover, and middle-and small-scale convective processes through dynamic downscaling and will improve the simulation significantly (Mannig et al. 2013; Qiu et al. 2017) . However, different physical parameterizations used by RCM may have strong influences on the RCM simulations, which is considered to be a major source of error in RCMs (Hong and Kanamitsu 2014) . For example, for regions with complex topography, the choice of land surface model parameterization (LSM) has been found to have the greatest impact on the accuracy of RCMs (Kala et al. 2015) .
"The Belt and Road" includes the Silk Road Economic Belt and the twenty-first century Maritime Silk Road. The Belt and Road Initiative is a systematic project, which should be jointly built through consultation to meet the interests of all, and efforts should be made to integrate the development strategies of the countries along the Belt and Road. CA is located in the key area of "The Belt and Road" which is one of the largest arid and semiarid areas in the world and has a population of almost 60 million people. Because of climate conditions, CA is lack of freshwater. The inhomogeneous climates over CA, with great spatial variability, are largely due to heterogeneity associated with the complex terrain, including high mountain ranges and flat low-level plains (Narama et al. 2009 ). As such, the ecosystem and societal development in arid CA is highly vulnerable to climate change . In order to solve the problem of a limited availability of high resolution and quality climate data in the region, dynamical downscaling is necessary for climate projections over CA. Moreover, the high-resolution climate information obtained from dynamic downscaling could be applied to collaborative and crossover research, such as impacts on glacier change, water resources, and agricultural development that may be a result of climate change over CA. It will make a significant contribution to the sustainable development and construction of a national society, the economy, environment and ecology for CA.
In this study, the weather research and forecasting (WRF) model (Skamarock et al. 2005 ) was used to conduct dynamic downscaling of reanalysis datasets and GCM outputs with different LSM parameterizations to produce high-resolution climate data for the CA. The impacts of different land surface process parameterizations on the results of dynamic downscaling were analyzed, and the results of the dynamic downscaling were compared to the outputs of Version 4 of the Community Climate System Model (CCSM4). Dynamic downscaling and the CCSM4 model were then used to project the mean and extreme climate change of the CA under two different representative concentration pathways (RCPs) in the future.
The remainder of this paper is organized as follows: Sect. 2 describes the use of RCMs, the design of the dynamic downscaling experiments, the data and method used in this study. Section 3 compares observed data to the results of historical simulations by the dynamic downscaling experiments and CCSM4, while Sect. 4 describes the projections by the GCM and dynamic downscaling experiments. The discussions and main conclusions of this study are presented in Sect. 5.
Model, data, and experimental design

Model and data
The WRF model, developed by the National Center for Atmospheric Research (NCAR) has become a widely used medium-range weather forecast model and RCM in climate change research (Leung et al. 2006) , and has been selected as one of the RCMs for the international Coordinated Regional Climate Downscaling Experiment (CORDEX). In this study, Version 3.7.1 of the WRF model was used to conduct all the dynamic downscaling experiments. This consisted of downscaling reanalysis datasets and GCM results, which produced higher-resolution data regarding the historical and future climates of the CA.
The initial and boundary conditions of the dynamic downscaling experiments were obtained from the CCSM4 model in CMIP5 (historical dataset: 1985 -2005 , future projections: RCP4.5 and RCP8.5, 2006 -2100 and the ERA-Interim reanalysis dataset for 1985-2005. For all models and experiments, the results of the first ensemble member (r1i1p1) were used in this study. It has been demonstrated that the CCSM4 model is fit for simulating the spatio-temporal characteristics of the Asian climate (Xu et al. 2017) . Based on the analysis in the previous section, it was found that the CCSM4 model is highly effective in simulating the climate of the CA. Furthermore, bias-corrected CMIP5 CESM Data for WRF has improved results in dynamical downscaling applications (Bruyère et al. 2014 ) (https ://rda.ucar.edu/datas ets/ds316 .1/). The ERA-Interim reanalysis dataset, which was obtained from the European Centre for Medium-Range Weather Forecasts (ECMWF) is an improved version of the ERA-40 dataset. The data has a horizontal resolution of 0.75° × 0.75°, and is one of the most reliable and widely used reanalysis datasets for studying the climate change characteristics in complex surface feature regions (Wang and Zeng 2012; Gao et al. 2014 ) (https ://www.ecmwf .int/en/forec asts/ datas ets/reana lysis -datas ets).
Global temperature and precipitation datasets from the Climate Prediction Center (CPC) were used as observations to evaluate the results of the GCM and dynamic downscaling experiments. The resolution of this data is 0.5° × 0.5°, and it included measurements of minimum and maximum daily temperatures and daily precipitation (Chen et al. 2002) . The CPC dataset has been developed by the American National Oceanic and Atmospheric Administration (NOAA) using the optimal interpolation of quality-controlled gauge records of the Global Telecommunication System (GTS) network (Fan and Van den Dool 2008) . In this study, mean daily temperature was obtained by taking the arithmetic mean of the minimum and maximum temperature.
For comparison convenience, both the simulation and observational data were regrided to 0.5° × 0.5° resolution by using bilinear interpolation method. The analyses are based on the end of the century (2080-2099) under RCP4.5 and RCP8.5, relative to the present day period of 1986-2005 to focus on the high end of the range of future changes in dynamic downscaling experiments and CCSM4 outputs. The climate indices that were analyzed in this study are shown in Table 1 . The temperature-related indices include the annual maxima of daily maximum temperatures (TXX), annual minima of daily minimum temperatures (TNN), summer days (SU), and frost days (FD). While TXX and SU represent extreme heat events, TNN and FD represent extreme cold events. The precipitation-related indices include the number of days with ≥ 10 mm of precipitation (R10mm), the annual total precipitation of days with ≥ 1 mm of precipitation (PRCPTOT), the density of precipitation on days with ≥ 1 mm of precipitation (SDII), and the maximum consecutive number of dry days (CDD).The eight climate indices including some extremes indices are defined by the (Karl et al. 1999; Frich et al. 2002; Zhang et al. 2011; Shi et al. 2017) and were selected to illustrate model performance in simulating the climate and its extremes. Two-tailed Student's t test was used to calculate significance for the climate change over the CA.
Experimental design
All the dynamic downscaling experiments conducted by WRF were double-nested (Fig. 1) The fine spatial resolution of RCMs is useful to improve model performance in resolving both the spatial pattern and magnitude of mean and extreme climate . The vertical resolution of the WRF model is also very important ; however, its impact on simulation performance is complex because there does not appear to be a direct relationship between vertical resolution and model performance. The impact of vertical resolution is multifaceted and based on many physical mechanisms that are challenging to calculate. Consequently, the same vertical resolution is used in both domains.
Eight dynamic downscaling experiments were conducted, including four historical experiments and four projection experiments (Table 2) . For all historical experiments, simulations were initialized at 0000 UTC on January 1, 1985 and ended at 2300 UT on December 31, 2005. All the simulations for projection experiments were initialized at 0000 UTC on January 1, 2006 and ended at 2300 UTC on December 31, 2100. The first year for each time slice is considered to be spin-up and not included in the analysis.
The parameterizations of the dynamic downscaling experiment differed in the land surface processes. Two different LSMs were employed for this purpose, the Noah (WRFE1, WRFC1 and WRFR1) (Tewari et al. 2004 ) and the Noah-MP (WRFE2, WRFC2 and WRFR2) schemes. The Noah scheme was derived from the Oregon State University (OSU) LSM, and it increases the soil moisture stratification to four layers, which enables soil moisture forecasting in four layers of soil below the surface. The Noah scheme also accounts for physical processes such as snow accumulation and soil freezing, thus facilitating the forecasting of these processes. The effects of single-layer canopies and single-layer snow cover are also considered in this scheme. In models using the Noah scheme, land-atmosphere heat and humidity exchange coefficients are obtained by calculating soil thermal conductivity and soil diffusivity. Noah-MP is an improved version of the Noah scheme, and it is a rather unique WRF LSM because it has multiple parameterization options. Like Noah, Noah-MP accounts for the vegetation canopy, but it also separates the canopy from the ground. In summary, Noah-MP generally improves upon the Noah scheme in its handling of vegetation dynamics, snow accumulation calculations, and hydrological processes (Yang et al. 2011; Chen et al. 2014) . The remaining parameterizations of the dynamic downscaling experiments are as follows: the CAM shortwave scheme and longwave scheme (Collins et al. 2004) , the WRF single-moment 3-class (WSM3) microphysics scheme (Hong et al. 2004 ), the Grell-Freitas cumulus parameterization scheme (Grell and Freitas 2014) , and the YSU boundary layer scheme (Hong and Lim 2006) .
Model validation
Model simulations from 1986 to 2005 are compared with corresponding observations in the CA.
Temperature and temperature-related indices
From Fig. 2a , we can see that the highest ANN temperature of the CA (greater than 16 °C) is located in the southerncentral Turkmenistan and eastern Iran, whereas the lowest ANN temperature (lower than − 6 °C) is located in the Tibetan Plateau. CCSM4 model overestimates ANN temperatures in the northwestern CA, but underestimates ANN temperatures in the Tibetan Plateau and Tajikistan, with the maximum bias approximately 5 °C ( Fig. 2d ). In contrast, WRFE1 underestimates the ANN temperature of the northwestern CA, and the maximum bias appeared in the Tibetan Plateau and Tajikstan (Fig. 2g ). The results of WRFE2 are superior to WRFE1, in particular for regions such as the Tibetan Plateau, the northern Xinjiang, and the rest of China (Fig. 2j ). In comparison to the CCSM4 model, there are significant improvements for the simulation of annual mean temperature over the CA in the dynamic downscaling experiments, especially for WRFE2 and WRFC2 ( Fig. 2j, p) . Similar to the annual mean temperature, the maximum DJF temperature also occurs in southern-central Turkmenistan and the eastern Iran. The minimum DJF temperature for the CA is in the Tibetan Plateau and the western Mongolia (Fig. 2b ). The simulation of DJF temperatures by the CCSM4 model also results in significant bias in the northwestern and southeastern CA, which it is consistent with the simulation of ANN temperature ( Fig. 2e ). The DJF temperature simulated by the WRFE1 and WRFC1 experiments are significantly different from the results of the CCSM4 model because of the significant cold bias in the northwestern CA ( Fig. 2h, n) . The results of WRFE2 and WRFC2 are little better than the congruency with observation for the simulation of JJA temperature in the northern CA ( Fig. 2f , i, l, o, r). The probability distributions of temperature biases from CCSM4 and the dynamic downscaling are compared ( Fig. 3a-c ). For ANN temperatures ( Fig. 3a ), most of grid points in the CCSM4 output predominantly display warm biases, with only a few grid points showing cold biases. The biases of the CCSM4 model range between − 8 and 6 °C, and the bias from 25% of the grid points is between 2 and 4 °C. Most of the grid points in the WRFE1 and WRFC1 results display cold biases, and only a few of the grid points show warm biases. The biases of the WRFE1 and WRFC1 range between − 10 and 4 °C, and more than 40% of the grid points have cold biases of approximately − 1 °C. The grid points in WRFE2 and WRFC2 experiments are almost evenly divided between cold and warm biases, with most of the bias being approximately 0 °C, which accounts for 25% of all the grid points in the WRFE2 and WRFC2 experiments. The JJA and DJF temperatures of the CCSM4 model are predominantly overestimated, which is similar to the ANN temperature. The maximum warm bias is approximately 10 °C. The JJA and DJF temperatures obtained from the WRFE1 and WRFC1 experiments are not consistent with each other, because the DJF and JJA results are dominated by cold biases with a maximum of − 10 °C and warm biases with a maximum of 5 °C, respectively. The simulations for JJA and DJF temperatures are consistent with the ANN temperature in WRFE2 and WRFC2, and the biases are small and close to 0 °C shown by most of the grid points (Fig. 3b , c). A Taylor diagram is a concise statistical summary of how well different patterns match each other in terms of the spatial correlation coefficient (COR), root-mean-square error (RMSE), and ratio of variances (Taylor et al. 2012) . Taylor diagrams of the temperature and precipitation simulated by the CCSM4 model and dynamic downscaling experiments are presented in Fig. 4 . For the ANN mean temperature of the CA (Fig. 4a ), the COR of CCSM4 is less than 0.9, whereas the CORs are greater than 0.9 in the four dynamic downscaling experiments and standard deviations are all close to 1.25. For the DJF temperature, the COR of CCSM4 model is lower than that for ANN temperature, while all the CORs from the four dynamic downscaling experiments are at least 0.9, which is higher than the CCSM4 model. Furthermore, the standard deviations of the dynamically downscaled DJF temperatures are smaller than the dynamically downscaled ANN temperatures. However, for the JJA temperature, the CCSM4 results are superior to those obtained from dynamic downscaling, with their standard deviation close to 1.0. Nonetheless, these results show that the CORs of the WRFE2 (WRFC2) results are significantly larger than those of the WRFE1 (WRFC1) results. Overall, compared to the CCSM4 model, the dynamic downscaling of reanalysis data and CCSM4 data result in significant improvements for the simulation of temperature. The results of the dynamic downscaling have smaller biases and higher CORs. Significant differences are also presented between the dynamic downscaling experiments, because the results of the WRFE2 and WRFC2 experiments are better than those of the WRFE1 and WRFC1 experiments. Based on these results, the Noah-MP scheme is superior to the Noah scheme as an LSM for the simulation of the CA temperatures by the dynamic downscaling. Furthermore, limited high resolution datasets obtained from observation stations will result in error, and will present challenges for model validation (Wu and Gao 2013) . Figure 5a shows that the high-value area of SU is located in the southeastern region of Turkmenistan, where the maximum SU is greater than 180 days. In the higher latitudes of the CA and the Tibetan Plateau, the minimum SU is less than 5 days. The CCSM4 model and dynamic downscaling experiments are able to reproduce most of the spatial features of the observed SU, but with significant biases in the magnitude and the area with high-value. The CCSM4, WRFE1, and WRFC1 experiments underestimate values of the index and the area with high-value, whereas the WRFE2 and WRFC2 experiments only overestimate the area with high-value ( Fig. 5e, i, m, q, u) . When comparing the probability distribution of model biases (Fig. 6) , it was found that the results of WRFE2 and WRFC2 are superior to those of CCSM4, WRFE1, and WRFC1, because the former set of results contain a greater number of grid points, with biases close to 0 day. Furthermore, WRFE2 and WRFC2 are the only simulations with spatial CORs greater than 0.90 and RMSEs lower than 25 days (Table 3 ). The high-value area of the observed TXX index is located in central Turkmenistan, where the maximum temperature reached 44.0 °C. The minimum TXX value is less than 24.0 °C that occurred in the Tibetan Plateau (Fig. 5b ). The CCSM4, WRFE2, WRFC1, and WRFC2 results overestimate the area with high-value ( Fig. 5f , n, r, v), whereas the WRFE1 result is closer to the observation (Fig. 5j ). The results of CCSM4, WRFE2, WRFC1, and WRFC2 are dominated by significant positive biases, whereas the WRFE1 results are with biases close to 0.0 °C (Fig. 6b ). Furthermore, the WRFE1 result presents the COR of greater than 0.90 and a relatively small RMSE. In contrast to TXX index, the observed FD index of the CA is significantly and positively correlated with latitude and altitude. The high-value area of FD is located in the Tibetan Plateau, reaching 300 days. The low-value area is located in the southwestern CA, where the minimum FD value is approximately 20 days (Fig. 5c ). The CCSM4 model produces a reliable simulation of the observed spatial distribution of FD over the CA (Fig. 5g ). The four dynamic downscaling experiments also reproduce the distribution features of FD over the CA (Fig. 5k , o, s, w). For model biases of FD, the results of the CCSM4 model are dominated by negative biases because the CCSM4 model overestimates the area of low-value region in the southwestern CA. Instead, the dynamic downscaling experiments mainly display positive biases (Fig. 6c ). The positive biases of the WRFE1 and WRFC1 experiments are large because these (Table 3) , it is found that the results of the dynamic downscaling were better than the CCSM4 model for the simulation of FD over the CA, particularly for the WRFE2 and WRFC2 models. The high-value area of TNN is located around the southern Caspian Sea, where the maximum TNN is greater than − 8.0 °C, and the low-value area of TNN is located in northeastern CA and the Tibetan Plateau, where the minimum TNN is less than − 40.0 °C. The distribution of TNN values simulated by the CCSM4 model is similar to that observed. The low-value region is accurately reproduced by the CCSM4 model, but there are significant biases around the southern Caspian Sea and Xinjiang. The four dynamic downscaling experiments succeed in reproducing the spatial patterns of trend. Figure 6d shows that the biases of the CCSM4 model and dynamic downscaling experiments are dominated by significant negative biases that becomes larger after the dynamic downscaling. This is because the dynamic downscaling experiments overestimate the low-value region in the northern CA. It is found that the dynamic downscaling experiments have higher CORs than the CCSM4 model but also larger RMSE values. Therefore, the improvement of the dynamic downscaling over the CCSM4 model can't be fully demonstrated. 
Precipitation and precipitation-related indices
Precipitation in the high latitudes is significantly higher than in the low latitudes, and the high-precipitation zone is located to the north of the 50° N ( Fig. 7) . Most parts of the CA have an ANN daily precipitation less than 1 mm, especially for southern-central Xinjiang, where the ANN daily precipitation is less than 0.4 mm (Fig. 7a ). The DJF daily precipitation is less than 1 mm in most parts of the CA. Xinjiang has the lowest level of DJF daily precipitation in the CA, at less than 0.1 mm (Fig. 7b ). During summer, precipitation is most abundant in the northern CA, and the maximum daily precipitation can reach 2 mm (Fig. 7c) .
The results of the CCM4 model shows significant positive biases in the ANN, DJF and JJA daily precipitation of the CA and an abundance of precipitation is presented in the high latitudes. The maximum daily precipitation simulated by the CCSM4 model is 2 mm, which is significantly higher than the observation. For the DJF precipitation, the CCSM4 model overestimates the daily precipitation of high-latitude regions in the CA and Xinjiang. The most notable feature in the CCSM4-simulation of JJA daily precipitation is the quite small low-precipitation zone in the southeastern Turkmenistan ( Fig. 7d-f ). In the dynamic downscaling experiments, there is a similar spatial distribution of the precipitation simulated by the WRFE1 and WRFC1 over the CA, and the high ANN daily precipitation is presented by WRFE1 and WRFC1 in the higher latitudes that is shown by observation. The spatial distribution of DJF daily precipitation obtained by the WRFE1 and WRFC1 experiments for the CA are largely consistent with the observation. Although the extreme low-precipitation zone in Xinjiang is slightly smaller in the simulations. However, the JJA daily precipitations simulated by the WRFE1 and WRFC1 experiments also exhibit significant biases, as the high-precipitation zone in the northern CA is absent, and the area of the low-precipitation zone in the southeastern Turkmenistan is overestimated. Furthermore, the WRFE1 and WRFC1 results show a notable negative bias in Xinjiang. The results of the WRFE2 and WRFC2 experiments are largely consistent with those obtained by the WRFE1 and WRFC1 experiments. The main differences between the dynamic downscaling experiments are that the distributions of JJA precipitation simulated by WRFE2 and WRFC2 are closer to the observed distribution ( Fig. 7l, r) . Although the WRFE2 and WRFC2 results also overestimate the size of the low-precipitation zone in Turkmenistan and underestimate the precipitation of Xinjiang, these results remain superior to the WRFE1 and WRFC1 results relative to the observation. In Fig. 3 , it is shown that the ANN daily precipitations of the CCSM4 model are dominated by positive biases. The biases at most of the CCSM4 grid points are approximately 0.5 mm with the maximum bias being 2.0 mm. The bias probability distributions of the dynamic downscaling experiments are largely identical; in all the four experiments, more than 30% of the grid points have biases between − 0.2 and 0.0 mm. Therefore, the results of the dynamic downscaling experiments are significantly better than those of the CCSM4 model (Fig. 3d ). The CCSM4 model predominantly displays positive biases in DJF, whereas the dynamic downscaling experiments have biases close to 0.0 mm. Hence, dynamic downscaling has significantly improved the accuracy of the DJF precipitation simulation (Fig. 3e) . However, the CCSM4 model does outperform the dynamic downscaling experiments in the simulation of JJA precipitation in the CA (Fig. 3f) . A Taylor diagram (Fig. 4b) of the CCSM4 and dynamic downscaling simulations of daily precipitation characterizes the differences between the observed and simulated ANN, DJF, and JJA daily precipitation data in the CA. In terms of ANN daily precipitation, the CCSM4 model has a COR close to 0.6, which is larger than the CORs of the four dynamic downscaling experiments. Of the various simulations, the WRFE1 and WRFC1 experiments have standard deviations that are closest to 1. In terms of the spatial distribution of DJF and JJA daily mean precipitation in the CA, the results of the dynamic downscaling experiments do not show a significant improvement over the CCSM4 model, but there is a small improvement for ANN precipitation. The effects of different LSMs on dynamic downscaling are also insignificant.
The observed R10mm index do not show any significant features in its distribution other than two significant highvalue areas (Fig. 8) . The high-value area is located in the northwestern and northeastern CA, where the maximum R10mm reaches 10 days. The most significant and largest low-value region is located in the southern-central Xinjiang, where the minimum R10mm is less than 2 days (Fig. 8a ). The CCSM4 model represents the high-value area in the northeastern and northwestern CA, but overestimates the maximum value in the northeastern CA (Fig. 8e ). For the dynamic downscaling experiments, the high-value area in the northeastern and northwestern CA is absent, and there are significant positive biases located in the northwestern China and its surroundings. There are no significant differences between the results of the four dynamic downscaling experiments ( Fig. 8i, m, q, u) . Figure 9a demonstrates that the model biases of the CCSM4 model and dynamic downscaling experiments are not significantly different from each other. The CORs and RMSEs shown in Table 4 also confirm that the dynamic downscaling did not significantly improve the simulation of R10mm. The spatial distribution of the observed PRCPTOT is similar to the R10mm index, with high-value area locates in the northeastern and northwestern CA and a low-value area in the southern-central Xinjiang. The maximum PRCPTOT in the high-value area is larger than 550 mm, whereas the minimum PRCPTOT in the lowvalue area is less than 50 mm (Fig. 8b ). There are significant positive biases shown by the simulation of the CCSM4 model over the CA. Significant positive biases are presented for the high-value area in the northeastern and northwestern CA, central Xinjiang and the Tibetan Plateau (Fig. 8f) . The results of the four dynamic downscaling experiments are similar to each other, and they generally underestimate the area of the high-value centers in the northeastern and northwestern CA, and overestimate PRCPTOT values around the northwestern boundary of China. There are no significant differences between the RCM results ( Fig. 8j, n, r, v) . Most of the grid points in the CCSM4 results show positive biases, with the maximum bias reaching 600 mm (Fig. 9b ). The dynamic downscaling results are dominated by negative biases, but many grid points in these results have biases close to 0 mm. The spatial COR of the CCSM4 results is 0.58 and the dynamic downscaling results generally presents a COR that is lower than 0.50. However, the RMSE of the CCSM4 model is greater than 200 mm, whereas the dynamic downscaling results generally present lower RMSEs. The observed SDII index is less in the eastern-central parts of the CA but larger in the western CA. The high-value area of SDII is located in the southwestern Caspian Sea, where SDII reaches 6 mm/day. There is no significant lower SDII area in the CA (Fig. 8c ). The CCSM4 model and dynamic downscaling experiments generally succeed in reproducing the spatial distribution of SDII over the CA. However, the simulated results show an anomalous high-value area in the southern-central CA that is absent in the observed data. The differences between CCSM4 and dynamic downscaling are insignificant ( Fig. 8g, k, o, s, w) . The probability distributions of bias produce by the CCSM4 and dynamic downscaling simulations are also similar to each other. The biases range between − 4 and 4 mm/day, and approximately 30% of their grid points produce biases that are close to 0 mm/day (Fig. 9c) . The CCSM4 and dynamic downscaling results also present similar spatial CORs, of approximately 0.6, and the RMSE of the CCSM4 is less than the dynamic downscaling (Table 4 ). The feature shown by CDD is high in the south and low in the north. The high-value regions include the southeastern Uzbekistan, southeastern Turkmenistan, and southern Xinjiang, and the maximum CDD in these regions is more than 132 days (Fig. 8d ). Figure 8h shows that there are significant negative biases in the CDD simulated by the CCSM4 model, because the CCSM4 model underestimates both the area and magnitude of the high-value area in the southern CA. The results of the dynamic downscaling experiments are similar and could reproduce the spatial features shown by the observed CDD. However, the dynamic downscaling overestimates the magnitude and area with two high-value. The differences among the dynamic downscaling experiments are insignificant (Fig. 8l, p, t, x) . Comparing the bias probability distributions of the simulations revealed that the CCSM4 model predominantly exhibits negative biases and has many grid points with the biases between − 100 and 0. The dynamic downscaling experiments are dominated by positive biases with their CDD biases ranging between 0 and 150 (Fig. 9d ). This is mainly because the dynamic downscaling experiments overestimate the magnitude and area with high-value in the CA. Based on the spatial CORs of the CCSM4 and dynamic downscaling simulations respect to observed result, it is found that the differences between CCSM4 and dynamic downscaling of the simulations for climatology pattern are insignificant, and the COR is around 0.7. The CCSM4 model produces the smallest RMSE between the simulated results. Therefore, dynamic downscaling experiments do not improve the simulation of CDD significantly.
Overall, the CCSM4 model and dynamic downscaling experiments are able to represent the spatial distribution of climate indices in the CA, although temperaturerelated indices are usually simulated more accurately than Fig. 10 Future changes of mean temperature in ANN (1st column), DJF (2nd column) and JJA (3rd column) during 2071-2100 derived from the CCSM4, WRFR1 and WRFR2 under RCP4.5 and RCP8.5 scenario, base year: 1986-2005, unit: ℃. All pass the significance at the 95% confidence level using the two-tailed Student's t test precipitation-related indices. Furthermore, the LSMs used in the dynamic downscaling experiment do not impact the simulation of climate indices significantly. Nonetheless, the Noah-MP scheme generally outperforms the Noah scheme in the simulation of average climate states in the CA.
Future projections
All projected changes represent the difference between the means of the future (2071-2100) and the past (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) periods. Figure 10 illustrates the projected changes in mean ANN, DJF, and JJA temperatures during 2071-2100 relative to the base year (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) . Overall, both CCSM4 and WRFR2 project a significant increase in the mean temperature. The rising temperature are significantly more pronounced in the higher latitudes and high-altitude regions. Under the RCP4.5 scenario, the CCSM4 model projects that mean ANN temperature will increase by a maximum of 3 °C in northeastern CA (Fig. 10a) , and under the RCP8.5 scenario, the maximum increase in mean ANN temperature will also occur in the northeastern CA and can exceed 6 °C (Fig. 10j) . Conversely, the WRFR2 experiment indicates that the temperature rises of the CA will mainly occur in the middle and high latitudes and the Tibetan Plateau. The rises in temperature projected by the WRFR2 experiment are less than those of the CCSM4 model (Fig. 10d, m) . The projection of the CCSM4 model shows that DJF temperatures will also rise significantly in the future, and areas with high temperature rises will cover large stretches of the CA such as the eastern-central Kazakhstan and northwestern Xinjiang. Based on the CCSM4 results, the DJF temperature of the CA will rise by a maximum of greater than 3 °C and 6 °C under the RCP4.5 and RCP8.5 scenarios, respectively (Fig. 10b, k) . The projections of WRFR1 and WRFR2 experiment are consist, with lower temperature rises compared to the CCSM4 model. According to the dynamic downscaling, the DJF temperature of the CA will rise by a maximum of 2.5 °C and 5 °C under the RCP4.5 and RCP8.5 scenarios, respectively (Fig. 10e, h, n, q) . For JJA temperatures, there are significant differences between the results of the CCSM4 model and dynamic downscaling experiments. The projection by CCSM4 shows that the areas with high temperature rises will be located in the eastern Kazakhstan and the maximum temperature rise will be 3 °C and 6 °C under the RCP4.5 and RCP8.5 scenarios, respectively (Fig. 10c, l) . The areas with high temperature rise in the WRFR1 and WRFR2 are smaller than that of the CCSM4 model. Figure 11a shows that the change in the temperature of the CA will be mostly increasing, with the rises in temperature larger in the RCP8.5 scenario. The overall trends of temperature in the CA projected by the dynamic downscaling experiments are consist with CCSM4 model under different greenhouse gas emission scenarios. Under the RCP4.5 scenario, the CCSM4 model and WRFR2 experiment both project that ANN, DJF, March-April-May (MAM), JJA and September-October-November (SON) temperatures will increase by the rates of 0.21 °C/decade, 0.22 °C/decade, 0.21 °C/ decade, 0.21 °C/decade and 0.16 °C/decade, respectively. However, the CCSM4 and WRFR1, WRFR2 projections differ under the RCP8.5 scenario, with the CCSM4 model projecting a larger rise in ANN temperature than WRFR1 and WRFR2 experiments. Under the RCP8.5 scenario, the CCSM4 model projects that the ANN, DJF, MAM, JJA, and SON temperatures of the CA will rise by the rate of 0.59 °C/decade, 0.64 °C/decade, 0.59 °C/decade, 0.64 °C/ decade and 0.51 °C/decade, respectively. However, the WRFR1 and WRFR2 experiments project that the ANN, DJF, MAM, JJA, and SON temperatures of the CA will rise at a rate of 0.51 °C/decade, 0.59 °C/decade, 0.59 °C/ decade, 0.59 °C/decade and 0.43 °C/decade, respectively (Fig. 11b) . Figure 12 illustrates that all the temperature-related indices have been projected to increase significantly except FD, and FD is projected to decrease significantly. This shows that the minimum temperature of the CA is increasing, and the number of days with minimum temperatures lower than 0 °C are decreasing. This is consistent with the significant rises in temperature projected. The projection by the CCSM4 model shows that SU will increase more significantly in the higher latitudes than the lower latitudes and high-altitude regions. The projection also shows that the maximum increase in SU will be greater than 30 days and 50 days under the RCP4.5 and RCP8.5 scenarios, respectively (Fig. 12a, e ). The projection by the dynamic downscaling experiments show that the maximum increase in SU will be 25 days under the RCP4.5 scenario and 50 days under the RCP8.5 scenario, and the areas where large increases in SU occur are much smaller in the WRFR1 and WRFR2 results than the CCSM4 results ( Fig. 12i, m, q, u) . With regards to the TXX index, the CCSM4 model projects that the increase in TXX will be more pronounced in the northeastern CA than in the southwestern CA under the RCP4.5 scenario, with the maximum increase in TXX being 3.5 °C (Fig. 12b) . Under the RCP8.5 scenario, the maximum increase in TXX is expected to exceed 6 °C, and most of the areas will show large increases in TXX (Fig. 12f) . Furthermore, the WRFR1 and WRFR2 projected smaller increases in TXX than the CCSM4 model, with the maximum increase in TXX of 2.5 °C under the RCP4.5 scenario (Fig. 12j, r) and 5 °C under the RCP8.5 scenario (Fig. 12n, v) . Under the RCP4.5 scenario, the CCSM4 model projects that FD will decrease in most parts of the CA, and the areas of the CA where large decreases in FD occur may see FD decrease by 30 days (Fig. 12c) . Under the RCP8.5 scenario, the CCSM4 model projected even greater decreases in FD, where FD will decrease by more than 50 days in most parts of the CA (Fig. 12g) . The projection by the dynamic downscaling experiments also show that FD will decrease over the CA, with the lower latitudes and high-altitude regions seeing larger decreases in FD than the higher latitudes. However, the WRFR1 and WRFR2 experiment generally projected smaller decreases in FD than the CCSM4 model; the dynamic downscaling experiments projected that FD will decrease by approximately 25 days and 45-50 days under the RCP4.5 and RCP8.5 scenarios, (Fig. 12k, o, s, w) . For most part of the CA. The CCSM4 model and dynamic downscaling experiments both predict that TNN will increase significantly, and the increase in TNN grows with increasing latitude. The CCSM4 model projects that TNN will increase by 5-6 °C under the RCP4.5 scenario (Fig. 12d ) and TXX will increase by more than 10 °C in the northern CA and the northeastern Xinjiang under the RCP8.5 scenario (Fig. 12h) . The projections of the WRFR2 experiment under RCP4.5 are essentially the same as those of the CCSM4 model, but under the RCP8.5 scenario, the area where TNN is expected to increase significantly is smaller in the WRFR1 and WRFR2 results (Fig. 12l, p, t, x) . Figure 13a shows that the temporal trends of the temperature-related indices are generally consistent with their spatial patterns of trend, with SU, TXX, and TNN projected to increase significantly, while FD is expected to decrease. Furthermore, the trends projected by the CCSM4 model and dynamic downscaling experiments are largely consistent with each other, and both of these simulations show that different greenhouse gas emission scenarios lead to significant differences in the temperature-related indices. Figure 13b shows that the CCSM4 model and WRFR1, WRFR2 experiments projected similar trends in the temperature-related indices from 2007 to 2100, and the models only differ slightly in the magnitude of the changes. Under the RCP4.5 scenario, the CCSM4 model and WRFR1 and WRFR2 experiments project that SU will increase by 15 days/94 years; under the RCP8.5 scenario, the projections of CCSM4 and WRFR1, WRFR2 are 40 days/94 years and 35 days/94 years, 35 days/94 years. Under the RCP4.5 scenario, the CCSM4 and dynamic downscaling results both show that TXX will increase by 2.0 °C over the next 94 years. Under the RCP8.5 scenario, CCSM4 predicts an increase of 6.0 °C, whereas WRFR2 predicts an increase of 4.2 °C. With regards to the changes in FD over the next 94 years, CCSM4 and dynamic downscaling results all project that FD will decrease by approximately 16 days under the RCP4.5 scenario. Under the RCP8.5 scenario, the CCSM4 and WRFR-projected decreases in FD of 48 days and 40 days, respectively. The CCSM4 and WRFR results both show that the TNN of the CA will increase by 3 °C under the RCP4.5 scenario, while under the RCP8.5 scenario, the CCSM4 results show that TNN will increase by 9 °C. The WRFR1 and WRFR2 results show that TNN will increase by approximately 7 °C.
Temperature and temperature-related indices
The projections by the CCSM4 model and dynamic downscaling experiments all show that the temperature will rise significantly. Furthermore, the greater the emission of GHG, the more significant the rises in temperature. These temperature rises will be most pronounced in DJF and least pronounced in SON. Over the next few decades, the ANN temperature of the CA is projected to rise by 2.0 °C and 5.0 °C under the RCP4.5 and RCP8.5 scenarios, respectively. Therefore, the suppression of greenhouse gas emissions is crucial for restricting the temperature increase in the CA. The temperature rises projected by the CCSM4 model are generally larger than that projected by the WRFR1 and WRFR2 experiment. Therefore, through dynamic downscaling, the bias produced by the simulation of CCSM4 model Fig. 10 , but for precipitation, unit: mm/day. The dotted regions indicate significance at the 95% confidence level using the two-tailed Student's t test could be reduced. This maybe come from the different GHG increases in the WRF and CCSM4 model. The projected temperature-related indices of the CA show that extreme temperatures will increase, and the number of low-temperature days will decrease. Furthermore, the increase in minimum temperature is greater than the increase in maximum temperature. The changes in the temperature-related indices of the CA were significantly affected by the greenhouse gas emission scenarios, with the increase in extreme temperatures and decrease in low-temperature days in the RCP8.5 scenario twice that of the RCP4.5 scenario. Therefore, the reduction of greenhouse gas emissions is of utmost importance for controlling extreme temperatures in the CA.
Precipitation and precipitation-related indices
Under RCP4.5, the ANN daily mean precipitation of the CA is projected to increase in the future in the CCSM4 model. This increase mainly occurs in two high-value regions located in the Tibetan Plateau and northwestern CA, where Fig. 15 Similar to Fig. 11 , but for precipitation, unit: mm/day the maximum increase in precipitation is projected to be 0.2 mm. An insignificant decrease in precipitation will occur in the northeastern CA, with a projected maximum decrease of − 0.15 mm (Fig. 14a ). Under RCP8.5, the change in precipitation over the CA is projected to be greater than that under the RCP4.5 scenario, with the exception of a slight increase of 0.25 mm in the Tibetan Plateau (Fig. 14j) . The projections of the WRFR1 and WRFR2 experiments indicate that the ANN precipitation of the CA will mainly increase in high-latitude and high-altitude regions and decrease in the southwestern CA (Fig. 14d, j, m, p) . The CCSM4 model projects that there will be a significant increase of greater than 0.4 mm for the DJF precipitation, and the projections under the RCP4.5 and RCP8.5 scenarios from CCSM4 are consistent with each other, except for the larger increased precipitation area in the RCP8.5 scenario (Fig. 14b, k) . The dynamic downscaling projections under RCP4.5 indicate that the DJF precipitation of will increase in the northerncentral CA but decrease in the southwestern CA, and DJF precipitation will increase significantly north of 50°N and Xinjiang, but decrease significantly in the southwestern CA (Fig. 14e, h, n, q) . Under the RCP4.5 scenario, the projections of the CCSM4 for JJA precipitation show an increase center in the northeastern CA and a decrease center in the northern Tibetan Plateau (Fig. 14c) . Under the RCP8.5 scenario, most regions of the CA will show significant decreases in JJA precipitation (Fig. 14l) . The dynamic downscaling projections for JJA precipitation significantly differ Fig. 16 Similar to Fig. 14, but for precipitation-related extreme indices of R10mm (1st column, unit: days), PRCPTOT (2nd column, unit: mm), SDII (3rd column, unit: mm/day), and CDD (4th column, unit: days). The dotted regions indicate significance at the 95% confidence level using the two-tailed Student's t test from those of the CCSM4 model, because the RCP4.5 and RCP8.5 projections of the WRFR2 experiment both indicate that JJA precipitation will increase in the northwestern CA and the Tibetan Plateau, but decrease in the southwestern and northeastern CA (Fig. 14f, i, o, r) . Figure 15 illustrates the projected temporal evolution of annual and seasonal mean daily precipitations. Overall, the change in the precipitation of the CA will be insignificant, and the differences between the CCSM4 and WRFR2 results also appear to be insignificant (Fig. 15a) . Furthermore, the precipitation of the CA will change similarly under the RCP4.5 and RCP8.5 scenarios. Based on a quantitative analysis of the annual and seasonal precipitation trends of the CA (Fig. 15b) , it is found that the projections by CCSM4 show a 0.05 mm increase in the ANN precipitation of the CA over the next 94 years under RCP4.5 and RCP8.5 scenarios. There will be no significant trends shown by WRFR2 experiment in this regard. The CCSM4 model projects that the DJF precipitation will increase by 0.12 mm under RCP4.5 scenario and 0.18 mm under the RCP8.5 scenario, whereas WRFR1 projects a 0.5 mm increase under RCP4.5 and a 0.8 mm increase under RCP8.5. The MAM, JJA, and SON precipitations projected by the CCSM4 model and WRFR1 experiment differ substantially. This is because the CA precipitation trends projected by CCSM4 and WRFR1 in these seasons are not significant, regardless of greenhouse gas emissions. The results from WRFR2 show different from WRFR1 in ANN precipitation with increasing significantly under RCP4.5 and decreasing significantly under RCP8.5 Figure 16 shows the spatial distribution of changes in the precipitation related indices. The projections by CCSM4 and dynamic downscaling differ to some extent. The CCSM4 model projects that R10mm will increase across the CA, with two significant high-value area in the northwestern CA and the Tibetan Plateau, and the projected results are similar under the RCP4.5 and RCP8.5 scenarios (Fig. 16a,  e ). The WRFR1 and WRFR2 also project that the R10mm of the CA will increase significantly, with high-value area in the northwestern China and the areas outside China's northwestern boundaries. The changes projected by WRFR1 and WRFR2 are also more significant than those from the CCSM4 model, with the former projecting that the maximum increase in R10mm will be more than 5 days (Fig. 16i , m, q, u). However, the increase in ANN precipitation projected by the WRFR1 and WRFR2 is less significant than that of the CCSM4 model and hence, the increased precipitation projected by the WRFR1 and WRFR2 experiments mainly derives from increases in the number of days with more than 10 mm of precipitation. The changes of spatial distribution in PRCPTOT projected by the CCSM4 model are similar to the changes in R10mm. PRCPTOT is expected to increase significantly in the northwestern CA and the Tibetan Plateau. Furthermore, the increase projected by the CCSM4 model for PRCPTOT in the Tibetan Plateau is more significant under the RCP8.5 scenario than RCP4.5 scenario (Fig. 16b, f) . The WRFR1 and WRFR2 experiments project that PRCPTOT will increase significantly in the CA, especially in the areas above the 50th parallel north and the Tibetan Plateau, by more than 100 mm. These increases are significantly larger than those projected by the CCSM4 model (Fig. 16j, n, r, v) . The CCSM4 model also projects that SDII will increase over the CA under the two greenhouse gas emission scenarios. The CCSM4-projected increase for SDII is larger in the lower latitudes than in the higher latitudes, with the maximum increase of 1.0 mm/day (Fig. 16c, g) . The dynamic downscaling experiments show a more significant increase for SDII over the CA. Under the RCP4.5 and RCP8.5 scenarios, the WRFR1 and WRFR2 project that the increase of SDII in most parts of the CA will exceed 1.4 mm/day (Fig. 16k, o, s, w) . The CCSM4 model projects that CDD will increase in Turkmenistan, Uzbekistan and the northeastern CA but decrease significantly in Xinjiang under both the RCP4.5 and RCP8.5 scenarios (Fig. 16d,  h) . The WRFR1 and WRFR2 projections show that CDD will decrease significantly in most parts of the CA under both greenhouse gas emission scenarios, especially in central CA and Xinjiang. The increase in ANN daily precipitation projected by the WRFR1 and WRFR2 experiments for 2007-2100 is less significant than that projected by the CCSM4 model (Fig. 16l, p, t, x) .
In Fig. 17 , it is shown that the WRFR2 experiment projects larger changes in R10mm, PRCPTOT and SDII than the CCSM4 model, but smaller changes in CDD. This is consistent with the preceding analysis regarding the changes in the climate indices that are projected by the CCSM4 and dynamic downscaling simulations. The differences between the WRFR2 and CCSM4 results are mainly caused by the tendency of the CCSM4 model to overestimate historical precipitation-related indices (Fig. 17a) . The CCSM4 and WRFR1, WRFR2 project that R10mm will increase 0.7 days and 0.4 days, 0.6 days under the RCP4.5 scenario, and 1.1 days and 0.6 days, 0.7 days under the RCP8.5 scenario during 2006-2100. The CCSM4 model projects a larger increase in R10mm than the dynamic downscaling experiments. The CCSM4 model and WRFR1, WRFR2 experiment project that PRCPTOT will increase 19 mm and 6 mm, 18 mm under RCP4.5 during 2006-2100. Under RCP8.5, there will be less increase in WRFR2, and this is different from CCSM4 and WRFR1. The CCSM4 model and WRFR1, WRFR2 experiment project that the increase in SDII will be significantly larger under the RCP8.5 scenario than the RCP4.5 scenario. Therefore, the WRFR1 and WRFR2 experiments project a larger change for SDII than the CCSM4 model, and the projected SDII index will be affected by differences in greenhouse gas emissions. The CCSM4 model and WRFR1, WRFR2 experiment both show that CDD will not change significantly under the two greenhouse gas emission scenarios. However, the CDD change is affected by greenhouse gas emissions (Fig. 17b) .
In summary, the future precipitation changes of the CA are insignificant, and the precipitation of the CA is not significantly affected by the greenhouse gas emission scenario. Furthermore, the special features and temporal evolution of precipitation projected by the CCSM4 model and WRFR1, WRFR2 experiment for the CA differ more significantly than the projections of temperature. The CCSM4-projected increases in ANN and DJF precipitation are much more significant than those projected by the dynamic downscaling experiments. The projections from the CCSM4 model and dynamic downscaling experiments both show that the R10mm, PRCPTOT and SDII will increase significantly during the last few decades of the twenty-first century compared to the historical period. However, the CDD index did not change significantly, as shown by all the simulations, but the temporal trend of CDD will be impacted by greenhouse gas emissions. In the next few decades, the R10mm, PRCP-TOT and SDII indices of the CA will rise, and the emission of GHG will affect the precipitation-related indices. As indicated above, there are some differences between the projections of the dynamic downscaling experiments and the CCSM4 model, but the consistent conclusion drawn is that there will be an impact on the precipitation-related extreme climate by greenhouse gas emissions in the future, particularly for CDD. 
Discussion and conclusions
In this paper, the WRFv3.7.1. model is used to conduct the dynamic downscaling for the ERA-Interim reanalysis dataset and the results of the CCSM4 model with two different land surface process parameterizations (Noah and Noah-MP). The impacts of different LSMs on the simulation of mean and extreme climate were then analyzed by comparing the results of the dynamic downscaling experiments, which is inadequate in the preceding researches about dynamical downscaling of climate change in CA (Ozturk et al. 2012; Mannig et al. 2013; Qiu et al. 2017) . Dynamic downscaling and the CCSM4 model were then used to project the mean and extreme climate of the CA in future under two emission forcing scenarios. The main conclusions and considerations can be summarized as follows.
For the simulation of historical annual and seasonal mean temperature and precipitation over the CA, the results from dynamic downscaling show a significant improvement compared with the CCSM4 model. In particular, temperature improvement is more significant than that for precipitation. Obvious differences were shown between the dynamic downscaling experiments, with the results from WRFE2 and WRFC2 generally more similar to the observation than WRFE1 and WRFC1. Therefore, the Noah-MP is considered a more suitable LSM than Noah for the simulation of mean climate through dynamic downscaling by the WRF model.
The CCSM4 model and dynamic downscaling experiments were both able to reproduce the basic features of the extreme climate over the CA, and the simulation for extreme temperature is better than for extreme precipitation. The results of the dynamic downscaling experiments were better than those of the CCSM4 model for the simulation of extreme climate, particularly for temperature-related indices. In contrast to the simulation of mean climate, there is insignificant impact by the LSM for the simulation of extreme climate through dynamic downscaling by WRF because the Noah-MP scheme is more suitable for the simulation of mean climate. Therefore, we only analyze the future mean and extreme climate over the CA simulated by CCSM4 and dynamic downscaling with the Noah-MP LSM.
The results of the CCSM4 model and dynamic downscaling experiments both show that the annual and seasonal temperatures over the CA will rise significantly in future, and the rise will mainly occur in the higher latitudes and highaltitude regions. The temperature will increase more significantly if there are more greenhouse gas emissions, especially for DJF. Under the RCP4.5 and RCP8.5 scenarios, the ANN temperature of the CA is projected to rise by 2.0 °C and 5.0 °C during the next few decades, respectively. Therefore, reinforcing greenhouse gas emission control is a priority for mitigating the warming. There will be more significant warming projected by the CCSM4 model than the dynamic downscaling experiment, which may be attributed to the tendency of the CCSM4 model to overestimate historical global temperature increase. Therefore, the dynamic downscaling may be able to reduce the model biases produced by the GCMs. There are no significant changes in the projected precipitation, and the impact of greenhouse gas emissions on the precipitation over the CA is also insignificant.
Similar to the mean temperature of the CA, the temperature-related indices (SU, TXX, and TNN) are projected to increase significantly in the future, and the number of low-temperature days (FD) will decrease. Furthermore, the increase in minimum temperature is projected to be significantly larger than the increase in maximum temperature. The change will be more significant under the RCP8.5 scenario than the RCP4.5 scenario.
The CCSM4 model projected larger increases in extreme temperature and decreases in the number of low temperature days than the dynamic downscaling experiment. The R10mm, PRCPTOT and SDII indices will increase significantly in the future, whereas the CDD index will not change significantly. These trends are generally more significant in the results of the dynamic downscaling experiment than those of the CCSM4 model. In contrast to the temperaturerelated indices, the change of precipitation-related indices will not be impacted much by greenhouse gas emissions. Some differences between the projections of the dynamic downscaling experiment and CCSM4 model were presented.
High resolution and quantity daily observation data for the CA is required model validation, which is a challenge in reality. The simulation by the RCM is significantly affected by the selection of LSMs and initial/boundary conditions. Therefore, the accuracy of the RCM simulations could be improved with the selection of an optimal LSM and driving fields. Aside from the LSM, the interactions between cumulus, radiation and cloud micro-physics parameterizations will also significantly influence the results of RCM simulations Gao et al. 2016) . Therefore, assessing the impact produced by parameterization during dynamic downscaling will be an important factor in our future work.
Vertical and horizontal resolutions are equally important for improving the accuracy of RCM simulations ; however, the impact on the simulation from the vertical resolution is complex. There is not a direct relation between increases in the vertical resolution and good performance of simulation. Therefore, the same vertical resolutions were used in the two domains in this study. Unfortunately, the comparison for the impact from different vertical resolutions in the dynamic downscaling was not conducted in this work and there is also a practical need to analyze the importance of vertical resolution in the future.
With computer resource limitations, only one GCM output was used for the dynamic downscaling simulation. There are significant uncertainties in the dynamic downscaling simulation, so the credibility of projections for future climate change is not very high, particularly at regional and local scales. An important and effective way to reduce these uncertainties is downscaling multi-models and their ensembles. Multiple GCMs will be selected to conduct dynamic downscaling, and run more dynamical simulations to reduce the uncertainty of future climate projection. The model domain will be further expanded to submit the simulation dataset to the CORDEX project.
